and it facilitates an automated process. The animals are recorded using an overhead 3D depth 23 camera as they walk freely in single file after the milking session. A 3D depth image of the 24 cow's body is used to automatically track key regions such as the hooks and the spine. The 25 height movements are calculated from these regions to form the locomotion signals of this 26 study, which are analysed using a Hilbert transform. Our results using a 1-5 locomotion 27 scoring (LS) system on 22 Holstein Friesian dairy cows, a threshold could be identified 28 between LS 1 and 2 (and above). This boundary is important as it represents the earliest point 29 in time at which a cow is considered lame, and its early detection could improve intervention 30 outcome thereby minimising losses and reducing animal suffering. Using a linear Support 31
Vector Machine (SVM) binary classification model, the threshold achieved an accuracy of 32
Introduction 37
Lameness in dairy cows is acknowledged as being one of the most serious problems that 38 affect an animal's welfare and thus, farm productivity (De Mol et measuring the kinematic differences of these limbs on force plates, which is -as mentioned 81 earlier-a complex method to implement on commercial dairy farms. Instead, by using 3D 82 video from the top of the herd, here we investigate the height movement variations of the hip 83 joints to study gait asymmetry. 84
It is hypothesized that a dynamic measure over a full gait cycle, observing the regular 85 movements of each footfall, will assist in detecting early stage lameness. From an implementation perspective, dairy farmers tend to prefer any system offering the 96 least possible interference in the daily routine of the herd. Farmers also prefer a capturing 97 setup where minimal human involvement is required to achieve maximum accuracy and this 98 points to the need for an automated mechanism. One of the major subjectivity concerns in 99 many conventional and manual methods is the presence of a human observer, which is known 100 to affect the cow's behaviour (Breuer, scoring is highly contingent on the animal's behaviour, which in cows is liable to variation in 103 the presence of observers. Therefore, in order to be able to study pain-related behaviour in the 104 most reliable manner; the data capturing system has to be completely covert (human 105 involvement during the procedure should not be required). By using an overhead view (i.e. 106 from above the herd), our capturing system is completely covert, thus, enabling objective 107 results to be obtained. Our approach also facilitates full automation and provides a hardware 108 configuration which is less prone to damage and the presence of complex and noisy image 109
backgrounds. 110 6
The locomotion data presented here is an initial part of a large ongoing data collection project 111 at Bridge Farm, Glastonbury, United Kingdom, where more than 200 Holstein Friesian dairy 112 cows are housed. All cows were milked twice a day. A custom race has been built next to the 113 milking parlour which forces the cows to walk unconstrained in single file underneath the 3D 114 camera. This race was in regular use as an exit from the milking parlour for several months to 115 allow the animals to adapt to the changes, before collecting the data. The data consists of 23 116 3D recorded sessions from 22 cows, using a standard depth-sensor camera (ASUS Xtion PRO 117 LIVE, ASUSTeK Computer Inc., Taipei, Taiwan). All cows have visible brand numbers and 118 are tagged with standard Half Duplex (HDX) electronic tags for identification purposes. A 119
Radio Frequency Identification (RFID) reader (Agrident ASR700 Controller, Agrident B.V., 120
Meterik, Limburg, Netherlands) was used to read the tags as the cows walked in the race. A 121 single camera was used through-out the entire data collection to capture the animals from an 122 overhead position. Both the camera and the RFID reader were connected to a computer 123 (Windows 7, i5, 8GB RAM). As we are studying a sensitive lameness stage, it is important 124 that we observe as many possible cycles of the locomotion's resulting signals. Following 125 several tests at different Field of Views (FOVs); the 3D data presented here is captured at a 126 height of 3.69 m off the ground. This was the maximum height achieved to acquire as many 127 footfalls as possible without causing heavy distortions in the depth data (pixel resolution at 128 this setting is 3.6 mm × 3.6 mm). The horizontal FOV was around 6 m. This has allowed the 129 capture of at least two full gait cycles i.e. eight footfalls on average. The average acquired 130 frames for one cow's locomotion was 70. This also means that we were able to perform the 131 analysis as the cow's body leaves the frame (i.e. when the hooks are still visible). The camera 132 operated at 30 frames s -1 . 133 7 To provide conventional manual scoring, an experienced local observer has scored each cow 134 using the locomotion/lameness score (LS) system provided by (Sprecher, Hostetler, & 135 Kaneene, 1997). 136
Results & Discussion 137
As presented in Table 1 , the animals were scored in an open field as they walked freely from 138 the cow race. This was performed immediately after (~5-7 min) the evening milking session 139 when the 3D recordings were made, in order to minimise any variations that might occur 140 given a longer time frame (e.g. injury). At the time of scoring, two additional standard 2D 141 digital video cameras (one looking to the side, the other looking at the rear of the animals) 142
were used to assist with reviewing the manual locomotion scores and identifying the cows 143 using the brand number. The observer watched the recorded 2D videos and gave a final score 144 for each cow with a clear brand number. The data was organised manually; the desired 145 (manually scored with a brand number) cows were located in the RFID logs, and the 146 timestamps of these readings were then used to locate the cows in the 3D recorded data. Each 147 cow used in this data has been scored at least three times over the period of three weeks (with 148 the exception of the severely lame cows i.e. LS 4 and 5 in Table 1 The pre-processing steps of the 3D data involve subtracting the background (an image of the 157 cow race when there is no cow present) and applying a height threshold to eliminate 158 surrounding object pixels and discarding extraneous information by filtering-out the noisy 159 areas from the subtracted depth image. The resulting image was then smoothed using a 160 symmetric Gaussian low-pass filter to remove quantization artefacts in the raw image. This 161 processed 3D image is used to extract the height measurements from key Regions of Interests 162 (ROIs), to compare the changes in the 3D surface as the cow progresses under the camera. thresholding the curvedness, the most prominent convex features (which corresponds to 174 peaks) are visible -as shown in Fig. 1 . The scapula or shoulders are very difficult to extract at 175 the current camera height. However, we found that the peaks were a reliable feature to extract 176 the hooks in order to track the hind limb movements. These peaks are typically represented 177 by a region of 10-20 pixels allowing the local maxima of this region to be located. For9 increased robustness to noise, the algorithm calculated a weighted average using a 2D 179
Gaussian convolution window over each thresholded region to find the pixel with the highest 180 curvedness value. Thus, we are able to robustly locate the hooks' ROIs by tracking the 181 outermost peak points as the animal walks. Using this approach, it was found that the spine 182 represents the largest connected object given in a binary converted image of the curvedness 183 threshold. Figure 1 illustrates the image processing pipeline described above. The resulting locomotion signals of this study correlate well with the manual locomotion 230 scores which are heavily reliant on the limb movements, even though the limbs themselves 231
are not visible from the view point of the 3D camera. Subsequently, we were able to extract a 232 novel proxy by measuring the resulting symmetry from the height movements as we are 233
closely observing the dynamics of each hind limb across all frames, as the animals walk 234
freely. This has allowed us to anticipate objective lameness trends at early stages. 235
The symmetry patterns derived from the phase difference of close locomotion scores i.e. LS 236 1, 2 and 3 are noticeably changing across the majority of the examined data. Our results in 237 Table 1 show a clear difference in the overall mean phase difference of the right-left signals 238 in LS 1, 2 and 3. Here lameness reduces the overall mean difference due to uneven peaks in 239 the locomotion signals resulting from asymmetric height movements. However, in severe 240 lameness scores, due to very limited data (only two cows in locomotion scores 4 and 5), 241 although the mean differences sit within the early lameness threshold, they fall outside the 242 trend observed in scores when more data and sessions are available. It is important to mention 243 that collecting more data in LS 4 and 5 is very difficult. 244 2 Number of cows in each LS.
3 Number of times each cow is manually scored.
4 Y=Yes indicating a significance difference of less than P<0.05 from LS1, using a Student t-test.
However, this does not affect the main purpose of this study, as we are able to observe a 246 sensitive trend for early lameness. A significant statistical difference is shown using one-way 247 ANOVA between all five groups (P<0.05). Student t-tests (unpaired two-sample t-tests, 248
given unknown variance) reveal a significant difference between the data in LS 1 and each 249 other level, as shown in Table 1 . The same test shows a significant difference for LS 1 vs LS 250 2 and 3 combined, LS1 vs all other levels (P < 0.0004, P < 0.000009 respectively). Thus, a 251 sensitive pattern was observed in the mean phase differences as the lameness level increases. 252
We suggest a threshold from this data at a mean phase difference of 0.09 (by subtracting the 253 full standard deviation from the mean phase difference of LS 1). However, this could result in 254 a small overlap between LS 1 and 2 which could be further refined given more data. At this 255 early stage lameness threshold (i.e. LS 1 vs. all lameness levels), we used a supervised 256 learning (liner SVM) classification model to assess the system's sensitivity (100%), 257 specificity (75%) and overall accuracy (95.7%). The sensitivity represents the ability to detect 258 lame cows from LS 2 to 5, and the specificity represents the ability to detect the non-lame 259 cows in LS 1. The binary classification model's confusion matrix is shown in Table 2 . 260 Table 2 Confusion matrix for the early lameness threshold for all cows using a linear SVM classification. This strict binary 
Conclusions: 264
Preliminary results of a non-intrusive 3D video data capturing setup have been presented that 265 allow regular daily data capture on a large scale in commercial dairy farms. Our algorithm is 266 13 able to detect lameness trends at early stages. The extracted novel proxy from the 3D data is a 267 dynamic symmetry measure which reflects the locomotion soundness by tracking the 268 movements of the spine and hind limbs. The presented results show patterns that enable us to 269 distinguish between close locomotion scores; i.e. LS 1, 2 and 3 on 22 dairy cows. Based on 270 these results, we are able to identify an early lameness threshold on a 1-5 scoring system. We 271 believe that our study strides towards an accurate, automated and objective locomotion 272 assessment without the need for human involvement. One of the major advantages of our 273 system is that we are able to capture data after each milking session on a daily basis, thus, 274 small developing lameness trends could be incorporated and detected potentially even before 275 a human observer could. Future work will focus on improving the robustness of the 276 algorithms using further captured data and by analysing the individual cow's variation. 277 278
